Background: Genome wide association studies (GWAS) have revealed a large number of links between genome variation and complex disease. Among other benefits, it is expected that these insights will lead to new therapeutic strategies, particularly the identification of new drug targets. In this paper, we evaluate the power of GWAS studies to find drug targets by examining how many existing drug targets have been directly 'rediscovered' by this technique, and the extent to which GWAS results may be leveraged by network information to discover known and new drug targets. Results: We find that only a very small fraction of drug targets are directly detected in the relevant GWAS studies. We investigate two possible explanations for this observation. First, we find evidence of negative selection acting on drug target genes as a consequence of strong coupling with the disease phenotype, so reducing the incidence of SNPs linked to the disease. Second, we find that GWAS genes are substantially longer on average than drug targets and than all genes, suggesting there is a length related bias in GWAS results. In spite of the low direct relationship between drug targets and GWAS reported genes, we found these two sets of genes are closely coupled in the human protein network. As a consequence, machine-learning methods are able to recover known drug targets based on network context and the set of GWAS reported genes for the same disease. We show the approach is potentially useful for identifying drug repurposing opportunities.
Introduction
Until recently, information on which variants within the human genome contribute to increased risk of common human disease was fragmentary and often statistically weak. New chip-based technologies and large-scale sequencing have now provided relatively unbiased and reliable information on SNVs (single nucleotide variants) and indels that are significantly associated with altered risk for a number of common diseases. To date, most information has been obtained through genome wide association studies (GWAS) using microarray technology, providing information only on common SNVs (the single nucleotide polymorphisms, SNPs). The current generation of GWA studies typically include several thousand individuals with the disease of interest and a similar number of control individuals without the disease. These studies and meta-analyses combining data from multiple studies have now found more than 1600 loci where variants are associated with complex traits, including many diseases (the GWAS catalog, http:// www.genome.gov/gwastudies).
There have been a number of discussions on the efficacy of GWA studies [1] . In spite of the success in discovering disease associations, it is becoming clear that many disease mechanism genes with the highest effect on disease phenotypes are not discovered by GWAS. Studies of blood pressure provide a striking example. There is a long history of identification of genes affecting blood pressure using non-genomic methods, and 30 genes discovered in this way have provided successful targets for treating hypertension [2] . But only a few of these candidate genes and no drug targets are discovered in large scale GWAS [3] . Further, mouse knockout data suggest that some of the missing genes have very large effect sizes, with blood pressure changes of 10s of mm of Hg [4] , whereas the largest changes associated with marker SNPs in GWAS studies are between about 0.5 and 1 mm of Hg.
Known drug targets -genes that usually have a large effect size on the corresponding disease phenotype, and so should be found by GWAS -provide a means of investigating whether non-discovery of mechanism genes is a general phenomenon. Here, we compare a set of reported mechanism genes in the GWAS catalog (http://www.genome.gov/gwastudies [5] , January 2012) with a corresponding set of known drug target genes (obtained from Drugbank [6] , January 2012) for the same diseases. We find that the overlap of these two sets is very low. We also investigate two possible explanations for low overlap. Finally, we consider the relationship between GWAS genes and drug targets in the context of a protein functional interaction network, and develop a machine learning method to predict new drug targets using the relationship between GWAS genes and known drug targets.
Results

Comparison of the GWAS catalog and Drugbank shows GWAS only detects a very small fraction of existing drug targets
We examined the relationship between genes in the GWAS catalog [5] and drug target genes in Drugbank [6] . The GWAS catalog (http://www.genome.gov/gwastudies/) is a comprehensive collection of results from published GWAS studies on a wide variety of disease and other traits such as height. Drugbank [6] is a database that combines detailed drug (i.e. chemical, pharmacological and pharmaceutical) data with comprehensive drug target information (sequence, structure, and pathway). We compiled a list of disease related traits in the GWAS catalog and extracted the reported genes for each of them. The disease list includes a number of cancers, a variety of complex trait diseases, and disease predisposition traits such as obesity and hypertension. We then found the drugs used in treatment of each of these traits in Drugbank, and extracted the drug target genes for each drug. Thus, for each trait, we have a list of GWAS reported genes and a list of drug targets. For the 88 GWAS diseases that have drugs in Drugbank, there are on average 29.2 GWAS reported genes and 24.0 drug targets for 19.9 drugs (Table 1) . There are a total 23 instances of GWAS genes that are also drug targets for the same disease. Three of these genes are each drug targets for two different diseases, so that only 20 of the 856 drug target genes have been discovered in GWA studies of the corresponding traits. This is slightly larger than the overlap of approximately 5 from a completely random model, but is a very low number considering that altered activity of most drug target genes will influence the disease phenotype.
Possible data related reasons for low overlap
One possible cause of lower overlap is that in Drugbank, some drug targets do not have a known mechanism and are probably 'predicted' targets based on sequence similarity to other verified drug targets [7, 8] , and thus may be incorrect. We therefore compiled a list of verified drug targets, all of which have known drug action mechanisms documented in Drugbank. We find similar results with this set to those for the complete list of drug targets. For those 353 drug targets for 81 diseases with known mechanisms and with corresponding GWAS studies, only 12 are discovered by GWAS (Additional file 1). On average, in this set there are 30 GWAS reported genes and 11.2 verified drug targets for each of these 81 diseases. A second possible cause of low overlap is mis-assignment of mechanism genes in the GWAS catalog. Marker SNPs (those associated with a trait) found in a GWAS locus are usually in linkage disequilibrium with many other SNPs covering a number of genes, any of which in principle might be in disease mechanism. In some cases, the catalog assignments may be incorrect, and the true mechanism gene in a locus may in fact be a drug target. We investigated the effect of this factor by comparing drug target/GWAS overlap described above with that obtained including all genes in each locus as candidates, rather than just those reported as candidates in the GWAS catalog. For the 58 diseases with sufficient information in the catalog, linkage disequilibrium expansion from marker SNPs increased the set of candidate genes from the 1997 reported to 4035, about a factor of two. The number of GWAS genes that are also drug targets increased from 18 to 24. This small increase is comparable with the increase of 3 that is expected from the random model. Thus, the number of GWAS/drug target matches missed as a consequence of misidentification of candidate genes appears very small. A third data related factor is coverage by the tag SNPs on the microarrays used in GWAS studies. If there is no tag SNP in linkage disequilibrium with the underlying variant involved in a disease mechanism, that contribution to the trait will not be detected. A study of 160 non-GWAS derived candidate genes for blood pressure concluded that only half were adequately covered with tag SNPs on a 500K array [3] , suggesting this is a significant factor. But overall, data considerations do not qualitatively change the picture of very low GWAS gene/drug target overlap. Analysis using 1000 genomes data shows Drug Target genes have fewer high frequency non-synonymous SNPs than GWAS reported genes
We next consider two possible reasons why GWAS identifies so few known drug targets. A study of all the SNPs in the GWAS catalog [5] has shown that reported SNPs are common (median risk allele frequency 36%, interquantile range (IQR) 21%-53%), and are associated with modest effect size (median odds ratio 1.33, IQR 1.20-1.61). We speculated that drug target genes may escape GWAS studies because these contain few common SNPs that affect function. To test this hypothesis, we examined the distribution of SNP frequencies and SNP effect size in GWAS identified genes and drug targets, using SNP frequencies calculated from 1000 genomes data [9] . A SNP may affect in vivo function of a gene product through a number of different mechanisms, including modified protein function or protein stability, altered regulation of gene expression, modified splicing, and changed stability of messenger RNA. We focus on nonsynonymous SNPs, which have been shown to be significantly overrepresented at amongst GWAS marker SNPs [5] . We found that drug targets genes do have fewer non-synonymous SNPs (0.0155/residue vs. 0.0171/residue) and the tendency is more significant for common (Allele frequency > 5%) non-synonymous SNPs (0.00169/residue vs. 0.00221/residue, Mann-Whitney test P = 0.0017) ( Table 2 ). We also included a set of predominantly monogenic disease genes from the Human Gene Mutation Database (HGMD) [10] , expecting these to also be under negative selection pressure. SNP density is also lower in this class of genes. A possible explanation for the low occurrence of common SNPs is that the activity level of drug targets genes is strongly coupled to the disease phenotype. As a result they are under relatively high selection pressure, and SNPs with a substantial impact on function will be eliminated or tend to be at a low frequency.
Evolutionary analysis shows drug target genes are under slightly stronger negative selection than GWAS reported genes
If the drug targets genes are under stronger selection as we propose on the basis of SNP density, that effect should also be observable in the rate of sequence change during the evolutionary history of the gene family. The ratio of the rate of non-synonymous to synonymous change, dN/dS, [11] for a gene provides one measure to detect such selection pressure. We compared the dN/dS for GWAS and drug target genes using human-mouse and human-chimp data from H-invDB [12] and found both are under stronger selection (Table 3 ) than all genes. We found HGMD genes [10] also exhibit negative selection in recent history (dN/dS calculated using human-chimp orthologs). The selection against variants in drug target genes is slightly stronger than that against variants in GWAS reported genes (Table 3) for dN/dS calculated using human-chimp orthologs, suggesting the selection is stronger for drug targets in recent history.
The influence of transcript length
For some mechanisms, for example those arising from missense SNPs, the probability of contributing to a complex trait is dependent on the length of the gene affected: Under similar selection pressures, the longer the gene, the more likely variants affecting gene function will be present. Other mechanisms, such as those directly affecting transcription rate, are not length dependent. To test for a length effect, we examined the length distribution for GWAS reported genes, for drug targets, and for all genes (Figure 1 ). GWAS reported genes are significantly longer than the drug target genes (paired Mann-Whitney test, P = 1.89e -6 ) and GWAS reported genes tend to be longer than all other genes. The mean longest transcript length for GWAS reported genes is about 110K while the mean longest transcript length for drug targets is about 60K, almost a factor two different. The outlier here is the GWAS gene set -drug targets have a similar distribution to that of all genes. Thus there is a strong length factor influencing whether or not variants in a gene contribute to a complex trait. This result is consistent with a role for length dependent mechanisms, although there could be other explanations.
Network analysis shows GWAS reported genes are close to drug target genes in a biological network
Although most drug targets are not identified through GWAS studies, they are obviously as much involved in the disease mechanism as GWAS genes, and so may be expected to have similar properties, particularly in terms of pathway and network relationships. A number of studies have incorporated network information to aid in identifying various classes of genes, for example using a network module formalism to combine signals from multiple GWAS studies [13, 14] and using network flow models to predict drug targets from expression and other data in prostate cancer [15] . Network models have also been used to identify pathways implicated in cancer [16] . It has already been observed that GWAS genes are substantially more closely connected in a functional network [17] than random genes, and we expect that to be the case for other large effect genes, such as known drug targets. There are many resources available for different types of human biological networks. Protein-Protein interaction data [18, 19] have a wide coverage but usually have a high false positive rate. Curated pathways such as KEGG [20] and BioCarta (http://www.biocarta.com/ genes/index.asp) are considered to be more accurate but the coverage is sparse [21] . For our purposes, networks built from other kinds of relationship, such as regulatory networks deduced from micro-array data [22, 23] or networks based on biochemical reactions [24] are too narrow in terms of the interactions they capture.
In this study, we use the Functional Interaction (FI) network from [21] , a protein functional interaction network generated by extending curated biological pathways with non-curated sources of information, including protein-protein interactions, gene co-expression, protein domain interaction, Gene Ontology (GO) annotations and text-mined protein interactions, and covering about 50% of human genes. The network strikes a balance between experimentally validated results and prediction, with the prediction portion benchmarked by a reasonably rigorous process. We were able to map 611 out of 821 drug targets genes and 1125 out of 1914 GWAS reported genes for the 88 diseases to the network.
Examination of the network proximity of GWAS genes to each other and to drug targets for the same disease indeed shows a close-nit matrix of relationships. Figure 2 shows the network formed for the 43 GWAS and 16 drug target genes [6] for Type I Diabetes that project onto the FI network, and only including genes from these two sets which are linked by not more than one other intermediate gene. All drug targets and all but five of the GWAS genes form part of a single continuous sub-network. This suggests that the two sets of genes are indeed relatively close in their biological function. One measure of the relationship between GWAS reported genes and drug target genes is the closeness of each GWAS gene to its nearest drug target (Figure 3) . The distributions show that distances from a GWAS reported gene to the closest drug target are on average much shorter than those of a random gene to a closest drug target, and the shortest distance from a drug target gene to the closest GWAS reported gene is also shorter than that of a random gene to the closest GWAS reported gene. Notably, drug targets are about three fold enriched in the first neighbors of GWAS genes and are also enriched in GWAS second neighbors (genes two steps away in the gene network) ( Figure 3 ).
Highly connected genes have more neighbors, and thus are more likely to include GWAS genes as neighbors. Thus, the observed enrichment of short paths between drug targets and GWAS genes could partially be a consequence of higher connectivity for drug targets. To control for this effect, we compared the degrees of drug targets with all genes (Figure 3 ) and found drug targets have a slightly higher degree (Mann-Whitney test, P = 0.014) on average. However the difference is marginal, and is unlikely to significantly contribute to the substantial difference between the short path distribution for drug targets and all genes.
A machine learning method for drug target discovery
The relationship between drug targets and GWAS genes revealed in the network analysis suggests that it should be possible to identify potential new drug targets from GWAS genes using machine learning methods trained on network features. The idea is to evaluate the probability that any gene is a potential drug target, given its network environment. The environment of each gene is represented by a set of features. Since we observed a threefold enrichment of drug targets in the first neighbors of the GWAS genes, we use the number of GWAS neighbors for a gene as a feature. This quantity is highly dependent on the total number of neighbors a gene has, so we also use the degree of the gene as a control. As the previous analysis shows, second neighbors of drug targets genes (genes that are two steps away in the protein interaction network) are also enriched for GWAS genes, thus we also use the number of second neighbor GWAS genes of a gene as a feature. These three features capture the enrichment information from the analysis above, but there are some subtle relationships not included. The problem of identifying drug targets based on their relationship to GWAS genes is similar to the problem of finding missing relationships in social network analysis. We therefore also use common friends with GWAS genes, a widely used feature in the social network machine learning field [25] . The common neighbor feature is defined as the proportion of neighbors shared by two genes:
In which N A is the set of Neighbors for gene A, N B is the set of Neighbors for gene B.
The total number of features for each gene is 3+N, where N is the number of GWAS genes for that disease that are mapped to the protein network. Since the number of drug targets (average 30) for a disease is very small compared to the total number of genes in the FI network (10956), the training set is highly unbalanced if we use the latter as the true negative set. To address this issue, we focus on the 932 existing drug targets in Drugbank that are also in the FI network, and thus restrict the task to identifying targets for existing drugs that can potentially be repurposed to treat other diseases. Repurposing is an attractive goal, since such use is much easier than developing a new drug from scratch [26] .
We include the 30 diseases with at least 10 approved drug targets and 10 GWAS genes in the FI network. We tested four machine learning methods using the WEKA software package [27] : a SVM with a polynomial kernel, a SVM with a RBF kernel, a Naïve Bayes Network, and Random Forests. Among these the best result is achieved by a Random forest ( Table 4 ). The best case is Kawasaki disease, with a true positive rate of 70% (recovering seven out of the 10 known drug targets) and a false positive rate of 2.7%.
Potential new drug targets for drug repurposing
The 'false positive' drug targets are drug targets for other diseases which have very similar network properties to those of the disease under study. These may indeed be mistakes made by the classifier. However, some of these 'false positive' drug targets may be good candidates for repurposing, not previously identified.
For example, C1QB and C1QC are the highest scoring proteins in the false positive list for the best case, Kawasaki disease, These are subcomponents of complement C1Q. C1Q has been shown to be associated with lupus erythematous [28] [29] [30] , another autoimmune disease related to Kawasaki disease [31, 32] , consistent with relevance to Kawasaki. C1Q is the target of several FDA approved drugs, for example, Etanercept, a drug treating rheumatoid arthritis and Adalimumab, a drug treating rheumatoid arthritis, psoriatic arthritis, ankylosing spondylitis, and other immune system mediated diseases. Thus these drugs may be potential candidates for use against Kawasaki disease.
Another disease where the method performs well is acute lymphoblastic leukemia (ALL), with a false positive rate of 7% and a true positive rate of 70%. There is a relatively long list of 'false positive' targets ( Table 5 ). Careful inspection of these genes reveals some that may have relevance to acute lymphoblastic leukemia, and so drugs for which these are targets provide potential candidates for repurposing. For example, chromosomal aberrations (i.e. chromosome translocation) in FGFR1 are associated with stem cell myeloproliferative disorder and stem cell leukemia lymphoma syndrome (provided by RefSeq, Jul 2008). FGFR1 is the drug target of Palifermin, a recombinant human keratinocyte growth factor (KGF) for the treatment of oral mucositis associated with chemotherapy and radiation therapy. It's also the target for several experimental drugs.
A second potential repurposing target for acute lymphoblastic leukemia is the oncogene RET. Previous studies found differential expression of RET in acute myeloid leukemia [33] , a distinct but related leukemia. In the version of Drugbank used in this analysis, there is no drug targeting RET for the treatment of ALL. Recently, however, the drug Ponatinib has been approved by the FDA for treatment of Philadelphia chromosome positive acute lymphoblastic leukemia (Ph+ALL) resistant or intolerant to prior tyrosine kinase inhibitor therapy. Thus, one of the high scoring ALL potential drug targets has now been approved for use for use with a new drug.
Methods
Connecting GWAS reported genes with drug targets using drug indication information from Drugbank GWAS reported genes: The GWAS catalog was downloaded from http://www.genome.gov/admin/gwascatalog. txt in January 2012. Non-disease traits were removed by hand and multiple studies for each disease were combined into unique sets. 'Reported genes' were extracted to provide the list of GWAS genes for each disease.
Drug targets: Drugbank data were downloaded from http://www.drugbank.ca/downloads in January 2012. Drugs for each disease in the GWAS list were identified by searching the 'indication' information for all drugs in Drugbank. Then for each of these drugs, we extract all of the corresponding target genes. Verified drug targets: Drug targets with the entry "Pharmacological action" labeled as 'Yes' in the Drugbank.
All 4013 GWAS reported genes and 1463 drug targets were mapped to NCBI gene IDs to provide unique identifiers for comparison. For the 88 GWAS diseases with drugs in Drugbank, there are 1914 GWAS reported genes and 821 drug targets. The verified drug target set has 353 genes for 81 diseases. For each disease, we compare the list of GWAS reported genes and drug targets and find the overlap between these two lists.
Calculating expected overlap between GWAS reported genes and drug targets using a random model
We assume there are 20,000 human genes. For a specific disease, if there are 'm' GWAS reported genes, and there are 'n' drug targets for this disease the expected random Table 5 Top 'false positive' drug targets for acute lymphoblastic leukemia.
Target Description from Refseq
Random Forest Probability MAPK3 The protein encoded by this gene is a member of the MAP kinase family. MAP kinases, also known as extracellular signal-regulated kinases (ERKs), act in a signaling cascade that regulates various cellular processes such as proliferation, differentiation, and cell cycle progression in response to a variety of extracellular signals. overlap between the two gene lists for that disease is n*m/20000. We calculated the expected overlap for each disease and summed these to get the expected total number of overlaps between drug targets and GWAS reported genes for the same disease. SNP impact analysis for GWAS genes and drug target genes 1000 genomes VCF data were downloaded from http:// www.1000genomes.org/data. The 2010 November data set is used. We extracted all non-synonymous variants from 1000 genomes data based on Refseq annotation downloaded from the UCSC genome browser in Jan 2012, and calculated the allele frequency for each of the non-reference variants by dividing the number of alleles (count 1 for heterozygous and 2 for homozygous) by the number of total possible (2 times the number of people). We found non-synonymous SNPs in the coding regions of 3550 out of the 4013 GWAS reported genes and 1249 out of the 1463 drug targets. The density of common non-synonymous SNPs in each gene is calculated by dividing the number of non-synonymous SNPs with frequencies > 5% for that gene by the length of that gene's protein sequence provided by the UCSC genome browser http://genome.ucsc.edu/. One splicing form is randomly chosen for each NCBI gene ID.
Transcript length analysis
The longest transcript for each drug target and GWAS reported gene was picked based on the Refseq annotation downloaded from the UCSC genome browser in Jan 2012.
Evolutionary analysis for GWAS reported genes and Drug target genes
Ratios of non-synonymous to synonymous substitution rates, dN/dS, for human proteins were downloaded from http://www.h-invitational.jp/evola/download.html in March 2012. The h-inv [34] IDs were converted to NCBI Gene IDs using a conversion map downloaded from http://biodb.jp/download.cgi. dN/dS from Human-Mouse orthologs and Human-Chimpanzee orthologs were selected. Human-Mouse dN/dS are considered to reflect selection over a relatively long time period, and Human-Chimpanzee dN/dS to reflect more recent history.
Human gene network analysis for GWAS reported genes and drug target genes
The Functional Interaction protein network [21] was downloaded from http://genomebiology.com/content/supplementary/gb-2010-11-5-r53-s3.zip. This un-weighted map consists of 209,988 functional interactions involving 10956 proteins, and covers roughly half of the human coding genome. Gene symbols in this data set were converted to NCBI gene IDs. 1125 out of 1914 GWAS reported genes and 611 out of 821 drug target genes for the 88 diseases and 932 drug targets of all 1463 drug targets were mapped into the network.
The Floyd-Warshall algorithm [35] was used to calculate the shortest path between all gene pairs in the network. The resulting set of inter-node distances serves as a background distribution. For each disease, we extracted the set of all pairwise distances between GWAS genes for that disease, between drug targets genes, and between GWAS genes and drug target genes. For each disease, we also calculated the shortest path from every gene in the network to the nearest GWAS gene for that disease and to the nearest drug target for the disease.
Machine learning for drug targets
We used a random forest implemented in WEKA [27] to train on the N+3 features to predict known drug targets for a disease from the set of all drug targets. The training sets are unbalanced since the number of drug targets for each disease is very small (median 28) compared to all possible drug targets, 932. We use the MetaCost procedure [36] to deal with the unbalanced training set, which gives more penalty to false negative errors than to false positive errors. We set the cost factor to be the ratio between the number of 'correct' and 'incorrect' drug targets. We set the parameter K, the number of separating features, as the square root of the number of all features and set the parameter I, the number of decision trees in the random forest, as 50. 10 fold cross validation was used to measure the performance for the random forest method for each disease.
Discussion
This work began with an evaluation of the capability of GWA studies to identify existing drug targets for complex trait disease, based on a comparison of proposed disease mechanism genes in the GWAS catalog and drug targets in Drugbank. To our surprise, only 20 of these 856 drug targets correspond to GWAS identified mechanism genes. Although the point is not emphasized there, a recent study also found a small level of overlap between GWAS disease genes and corresponding drug targets for approved drugs [37] (16 compared with our 20, based on fewer GWAS genes, Table S3 in [37] ). Interestingly, that study found that inclusion of targets for drugs at all stages of development boosts the overlap considerably, to 63. Thus it appears that drugs currently being developed are more commonly GWAS genes than those already approved, perhaps because new studies are now selecting targets from GWAS results. Another study has examined the possibility of repurposing based on overlap between OMIM disease genes and drug targets [38] , and reports a higher level of overlap.
We investigated two possible reasons why the overlap of GWAS results and drug targets is so low. First, there may be more selection against SNPs with significant impact in drug targets. Studies [5] have shown that GWAS methods typically find high frequency SNPs with modest phenotype effects. On the other hand drug targets have big effect sizes with respect to disease phenotypes. Thus there may be fewer high frequency deleterious SNPs in these genes. Indeed, we do observe this trend for nonsynonymous SNPs through analysis of population genomics data from the 1000 genomes project. It is likely that SNPs exerting their influence through other mechanisms (for example, altering the regulation of the expression of genes, changing the splicing pattern, or changing the stability of messenger RNA) also follow the same pattern since selection pressure is independent of impact mechanism. This finding of apparent selection pressure against variants with impact on drug target activity is supported by the observation of similar trends in acceptance of species-specific changes, as measured through dN/dS.
The second possible reason why GWAS genes and drug target overlap is small that we investigated concerns the relative length of GWAS genes versus drug targets. We find that on average GWAS genes are very significantly longer than drug targets, by about a factor of two, and also longer than the set of all genes. These data suggest that mechanisms that are more likely to occur in longer transcripts, such as those involving missense SNPs, play a significant role in complex traits. The data do not rule out other explanations for the length differences, but in any case there is a strong length bias in GWAS genes.
These two factors -selection against common SNPs in drug targets and longer length of GWAS genes -are significant but may not be the only factors contributing to very low drug target/GWAS gene overlap. As discussed earlier, loss of overlap from data errors does not appear large, but incomplete coverage by typical microarrays is a contributing factor [3] . There are some other factors that will contribute. Drugs may act to alleviate symptoms rather than affect the disease itself or they may act in a more global non-specific manner, for example generally suppressing inflammation rather than influencing a specific disease. Also, drugs typically decrease the in vivo activity of the protein concerned, whereas altered activity of mechanism genes may affect disease traits through either a decrease or an increase of in vivo activity (for example, a SNP may result in up-regulation of expression, contributing to disease risk).
The fact that most existing drug targets are not rediscovered by GWAS does not necessarily imply that few new drug targets will be directly discovered through this technology. For example, many drug targets for inflammatory diseases provide general reduction of inflammation, while its possible that GWAS may lead to much more disease specific targets. What is clear is that the close relationship between drug targets and GWAS reported genes makes the GWAS genes valuable network reference points for finding new drug targets. We have shown that relatively simple machine learning methods are effective at identifying potential drug repurposing opportunities, and one of our initial short-listed repurposing candidates has now been approved for use by the FDA. There is clearly considerable scope for more sophisticated methods, employing a combination of network and pathway information.
The present GWAS technology is only able to detect disease associations involving common SNPs. There are a large number of rare variants in the human exome [39] and as exome sequence and full genome sequence replace DNA microarrays in GWAS studies [40] , the role of these is becoming better defined. A deep re-sequencing project for drug target genes has found an abundance of rare functional variants [41] and these are likely to play a role in complex disease. For some diseases, such as hypertension, many candidate genes have been proposed using non-genomic methods [2] . Rare variants in these candidate genes in patients will also be of great interest.
